The behavior of yeast cells during industrial processes such as the production of beer, wine, and bioethanol has been extensively studied. In contrast, our knowledge about yeast physiology during solid-state processes, such as bread dough, cheese, or cocoa fermentation, remains limited. We investigated changes in the transcriptomes of three genetically distinct Saccharomyces cerevisiae strains during bread dough fermentation. Our results show that regardless of the genetic background, all three strains exhibit similar changes in expression patterns. At the onset of fermentation, expression of glucose-regulated genes changes dramatically, and the osmotic stress response is activated. The middle fermentation phase is characterized by the induction of genes involved in amino acid metabolism. Finally, at the latest time point, cells suffer from nutrient depletion and activate pathways associated with starvation and stress responses. Further analysis shows that genes regulated by the high-osmolarity glycerol (HOG) pathway, the major pathway involved in the response to osmotic stress and glycerol homeostasis, are among the most differentially expressed genes at the onset of fermentation. More importantly, deletion of HOG1 and other genes of this pathway significantly reduces the fermentation capacity. Together, our results demonstrate that cells embedded in a solid matrix such as bread dough suffer severe osmotic stress and that a proper induction of the HOG pathway is critical for optimal fermentation.
S
olid-state fermentation (SSF) is defined as fermentation in the absence or near absence of free water, in which microbes grow on a moist solid substrate (1) . SSF is commonly used to produce many different kinds of food, including cheese, soy sauce, and bread (2) . Similarly, SSF has also been used successfully for the production of several enzymes (3) (4) (5) (6) and secondary metabolites such as antibiotics, mycotoxins, and biosurfactants, etc. (7) . Furthermore, there is a renewed interest in using SSF for bioethanol production from agricultural crops and their products (8) (9) (10) .
The main difference between SSF and liquid fermentations such as those used in the production of beer and wine is the reduced level of free water in SSF. As a consequence, the movement of cells and diffusion of cellular metabolites and nutrients are limited, which may result in local gradients of temperature, moisture, pH, nutrients, and waste products (11) . Moreover, the growth, gene expression profile, and metabolism of fungi during solid-state fermentation are different from those during liquidstate fermentation (7, (12) (13) (14) . This might be due to a different cellular physiology of the fungi in the solid state compared to the liquid state.
Despite its industrial relevance, yeast physiology during solidstate fermentations is relatively understudied compared to liquid fermentations. This is especially the case for bread dough fermentation, where no data are available that describe yeast cell physiology during the fermentation process. This is at least partly due to the technical difficulties associated with isolating representative cell samples from the solid fermentation matrix. Some studies have attempted to gain insight into bread fermentation by mimicking the process in liquid (15) (16) (17) . Whereas such studies definitely contributed to our knowledge, they change the single most important parameter of SSFs (the solid state) and are therefore not an optimal model for the industrial SSF process.
Global gene expression analysis approaches such as microarray analysis or transcriptome sequencing (RNA-seq) are powerful tools to obtain a snapshot of the cell's transcriptome and thereby gain insight into a cell's physiological state. Several studies have investigated the expression profile of yeast genes during liquid fermentation such as beer, wine, or even liquid model dough fermentation (15, 16, (18) (19) (20) (21) (22) (23) . Those studies showed that in general, the start of fermentation is associated with a loss of stress resistance due to the repression of stress-related genes by glucose or sucrose (24) (25) (26) . Furthermore, in some cases, induction of pathways associated with osmotic stress has also been observed, presumably due to a high sugar concentration of the substrate (27) . Here, we optimized a method to isolate high-quality RNA samples from Saccharomyces cerevisiae cells embedded in fermenting bread dough and thus studied changes in the yeast transcriptome throughout the fermentation process. Using this method, we tracked changes in the transcriptomes of three genetically distinct S. cerevisiae strains during bread dough fermentation. Our results show that all strains show similar expression trends, with some subtle differences. In the first phase of fermentation, the cells need to adapt to the high osmolarity and nutrient concentration of the surrounding dough matrix. This initial adaptation phase is followed by an active fermentation phase, where cells first consume preferred sugars such as glucose and sucrose before switching to maltose. At the end of the short but vigorous fermentation, cells experience starvation and start building up stress resistance. By investigating the effect of the deletion of genes that are highly induced at the start of dough fermentation, we find that the highosmolarity glycerol (HOG) pathway is instrumental for adaptation to solid-state conditions.
MATERIALS AND METHODS
Strains and microbial procedure. Three isolated commercial strains from bread, wine, and the bioethanol industries were used for investigation of changes in the yeast transcriptome during dough fermentation. To select these 3 strains, we screened 24 genetically distinct strains for their dough fermentation capacity. The interdelta genetic fingerprinting assay was done as described previously by Legras and Karst (28) . The method is based on the PCR amplification of interdelta regions using interdelta primers (delta 12 and delta 21) (28).
For follow-up on the results of the RNA-seq experiment, we made use of mutants with a single deletion of the genes of interest, available in the yeast deletion collection (S288c; Invitrogen). The deletion of each gene was confirmed by PCR.
Yeast cultures were grown under optimal conditions as described previously, and standard procedures for isolation and manipulation of DNA were used (29, 30) . For dough preparation, the yeast cells were harvested at early stationary phase and washed with water before inoculation into dough.
Flour characterization, dough preparation, and fermentation. Commercial flour obtained from Ceres (Vilvoorde, Belgium) was used throughout this study. Dough was prepared according to the straightdough method described previously by Shogren and Finney (31) , using the following formula: 100.0 g flour (on a 14% moisture basis), 6 .0% (wt/wt) sucrose, 1.5% (wt/wt) sodium chloride, 52.0% (vol/wt) water, and 5.3% yeast. The ingredients were mixed in a 100-g pin bowl mixer (National Manufacturing, Lincoln, NE, USA) for 3 min 50 s. Next, the dough was divided into 10-g pieces, which were fermented in a fermentation cabinet at 30°C with a relative humidity (RH) of 90% for 30, 60, and 180 min.
Gas production measurement. The volume of gas produced by different strains and mutants during dough fermentation was measured by using a Risograph instrument (National Manufacturing). Balls of dough were made as described above and were left to ferment for a maximum of 180 min at 30°C in the Risograph instrument. Gas production was measured continuously at 1-min intervals.
Sampling for RNA extraction. Multiple pieces of dough were prepared and fermented in a fermentation cabinet (30°C and 90% relative humidity) for a maximum of 180 min. Samples were taken at 30, 60, and 180 min after the onset of fermentation. The samples were frozen by using liquid nitrogen and kept at Ϫ80°C before RNA extraction. Nonfermenting yeast cells right before mixing with dough were used as the "0-min" sample. The experiment was performed in parallel for two biological replicates of each strain.
RNA isolation. We developed a method to isolate RNA from yeast cells embedded in bread dough based on standard methods for RNA isolation (29, 30) and a method described previously by Panadero et al. (32) . Pieces of dough (0.5 g) were homogenized with 3.0 ml of ice-cold LETS buffer (0.2 M LiCl, 0.02 M EDTA, 0.02 mM Tris-HCl [pH 8.0], 0.4% SDS) by using an Ultra-Turrax T10 Basic disperser (IKA Werke GmbH, Staufen, Germany). Aliquots of 0.5 ml of the dough suspension were transferred into screw-cap microtubes containing 0.5 ml of phenol-chloroform-isoamyl alcohol (25:24:1) and 0.5 ml glass beads (acid-washed beads, 425 to 600 m in diameter). The suspension was mixed vigorously three times for 20 s by using a Fast Prep homogenizer (MP Biomedicals). After centrifugation at 17,900 ϫ g for 10 min at 4°C, the upper phases from 2 tubes were pooled in a microtube containing 0.5 ml chloroformisoamyl alcohol (24:1). After thorough vortexing, phases were separated by centrifugation at 17,900 ϫ g for 10 min (at 4°C). The upper phase was transferred into a clean microtube, and this step was repeated until the interface between the aqueous and organic layers was clear after centrifugation. Total nucleic acids were precipitated with 1 ml ice-cold 100% ethanol and 25 l 40% potassium acetate and kept at Ϫ20°C overnight. Samples were then thawed on ice the next day and were centrifuged at 15,000 ϫ g for 10 min. Each pellet was resuspended in 350 l of RLT buffer (Qiagen GmbH, Hilden, Germany) plus 350 l of 70% ethanol and was loaded onto an RNeasy minicolumn (Qiagen). Column eluents were pooled, the A 260 /A 280 ratio was used to estimate RNA purity, and the quality of RNA was checked on a 1.2% agarose-Tris-acetate-EDTA (TAE)-formaldehyde gel. In the case of impurities, a second precipitation was done as described above, and the precipitate was washed by using 70% ethanol and resuspended in RNase-free water.
RNA-seq and data analysis. Illumina next-generation sequencing with 100ϫ coverage of the haploid S. cerevisiae genome was carried out for all samples, as described previously (33) . After removal of the low-quality reads and adaptors, RNA-seq reads (50 bp, single end) were aligned to the Saccharomyces cerevisiae S288c reference genome (version EF4.66) by using TopHat 2.0.7 (34) . Aligned reads were further visualized by using Tablet (35) . Between 5 ϫ 10 6 and 35 ϫ 10 6 reads were aligned for each sample. RPKM (reads per kilobase per million mapped reads) expression values were calculated with Cufflinks 2.0.2 (36) . Next, Cuffdiff was used to determine differential expression by comparing transcript abundances between pairs of duplicate experiments (see the supplemental material for details). Genes with significant differential expression (at least 2-fold changes and a false discovery rate [FDR] value of Ͻ0.0001) were selected for further analysis.
Hierarchical clustering for heat map. After the removal of zero values, RPKM values were log 2 transformed and quantile normalized. This was followed by hierarchical clustering with average linkage using Euclidian distance. Next, using the gPlots package in R, the log 2 -transformed values were plotted on a blue-yellow heat map, with saturation of colors at 5% extreme values.
Categorization of expression profiles and Gene Ontology. Since we have a short time series, we used template-matching clustering of the expression data, using ORIClust (37) . We performed the time-profile clustering on a specific filtered subset of genes, namely, those identified by edgeR to be differentially expressed in at least one time point compared to time point zero (38) . We removed the rows where at least one of the samples had an RPKM of zero, log 2 transformed the data, and performed a quantile normalization. This subset of genes was analyzed by using ORIClust (ORICC2 algorithm) to assign the genes to meaningful timedependent categories. Next, we used the Database for Annotation, Visualization, and Integrated Discovery (DAVID) (http://david.abcc.ncifcrf .gov/) to search for enriched gene sets in different clusters (39) . The Functional Annotation Tool in the online version of DAVID was run by using the default parameters, and the top 50 Gene Ontology (GO) terms in the Gene Ontology Biological Process category are reported (FDR Ͻ 0.01).
Physical interaction network. A physical interaction network, G(V,E), models the interactome of an organism. In this network, the edges, E, represent the physical interactions between the different genes/ gene products, V. Different layers of interactions are combined in this network, namely, protein-protein, protein-DNA, and phosphorylation interactions (40) . Each interaction in the network is scored with a probability value. This value reflects the likelihood that the interaction truly exists in the organism's interactome (41, 42) . To complement and annotate the interaction network, protein complex data were added to the network (43) .
PheNetic. PheNetic is an algorithm which extracts minimal connected subnetworks between a cause, a genetic perturbation, and its effects, differentially expressed genes (44) . To this end, the algorithm selects from the network the edges which best connect the given cause to its effect through a regulatory path by maximizing the score S(D) in the equation below. A regulatory path is defined here as a path which can lead to differential expression from the given cause to an effect and thus a path in which the last edge is a protein-DNA edge.
In this equation, D is a subnetwork from G; I is the set of cause-effect pairs, where x corresponds to the cause and y corresponds to the effect; fr is a reward function based on the degree of differential expression; and P[regPath(x,y)ԽD] is the probability that a regulatory path exists in the selected subnetwork D from x to y. Finally, x C is a constant cost factor, which allows us to define the size of the selected network.
Here, PheNetic was used with a path length of 5, with the 20 best proofs for each of the 100 cause-effect pairs with the largest degree of differential expression (44) . No adjustments of the probabilities in the network based on network centrality were performed.
Network visualization and analysis. Visualization and analysis of the network were performed by using cytoscape (45) , clueGO (46) , and BiNGO (47) . GO enrichments were performed by using a hypergeometric test and a Benjamini-Hochberg correction (48) . GO annotations for S. cerevisiae were downloaded from the Gene Ontology (49) website (version 1.1600).
RNA-seq data. Sequencing data were deposited in the GenBank database under bioproject identifier PRJNA212389.
RESULTS

Strain selection for dough fermentation and transcriptome analysis.
To obtain a general picture of yeast cell physiology during bread dough fermentation, we studied the transcriptome of yeast during this process. We selected three genetically distinct S. cerevisiae strains to investigate to what extent the responses are strain specific. To select these strains, we first screened 24 S. cerevisiae strains from different industrial applications (beer, wine, bioethanol, and bakery) with diverse genetic backgrounds (as estimated from an interdelta genetic fingerprinting assay [ Fig. 1 ; see also Materials and Methods]) for CO 2 production during dough fermentation as an indication of their fermentation capacity in dough. Based on the screening results, we selected three genetically distinct strains that showed a similar and sufficient capacity to ferment bread dough for further investigation. The three strains included a commonly used industrial baker's yeast strain as well as a bioethanol strain and a wine strain, which are genetically very different from the baker's yeast strain but yield similar levels of CO 2 production during dough fermentation (Fig. 1A and B) .
Yeast cells show a transient response during dough fermentation. Next, we investigated the transcriptional responses of the three selected strains throughout bread dough fermentation. We first optimized a method to extract high-quality RNA from yeast cells embedded in dough (see Materials and Methods for details). Next, we used RNA-seq to investigate changes in the transcriptomes of the strains at three different time points during the fermentation (30, 60, and 180 min after the start of fermentation) compared to the nonfermenting status (yeast cells harvested at the early stationary phase right before inoculation into the dough [0-min sample]). For each yeast strain, two independent biological replicates were analyzed.
The transcriptome data obtained from this experiment indicated that yeast cells show a strong response to the changing conditions during the fermentation process, with around half of the total number of genes (protein or RNA coding) showing Ͼ2-fold changes in expression levels over the course of the fermentation process. Interestingly, the commercial baker's yeast strain on average showed smaller changes in its transcriptome, in terms of both the number of genes and the magnitude of changes, than the two other strains ( Fig. 2A and B) .
Further analysis revealed that the three strains showed a remarkably similar transcriptional profile during fermentation. Specifically, when all transcriptome data were clustered based on similarity (see Materials and Methods), samples obtained from different strains at the same time point always clustered together (Fig. 2C) . Moreover, all biological replicates always clustered together and yielded a very similar profile, suggesting that the analysis was robust and reproducible.
We calculated the average mRNA quantities, as estimated by the RPKM (reads per kilobase per million mapped reads) values, for each gene in replicate samples. Subsequently, the pairwise Euclidean distances for those values of samples grouped either by strain or by time point were calculated. A nonparametric Wil- coxon test showed that the distances between samples grouped by time point are smaller than the distances between samples grouped by strain (P Ͻ 10 Ϫ5 ). This confirms that the three strains showed a similar response throughout the fermentation process, regardless of their genetic differences. This analysis also indicates that most genes show a transient response. Specifically, the samples from nonfermenting yeast (0 min) and the last fermentation time point (180 min) clustered together, as did the samples from intermediate time points (30 and 60 min) (Fig. 2C) . We performed template-matching clustering of the expression data to divide differentially expressed genes into categories that show similar expression patterns throughout the fermentation process (Fig. 3) . This analysis confirmed that the vast majority of genes with changed transcription levels during the fermentation process showed a transient response, either transient induction (clusters 2 and 3) (Fig. 3) or transient repression (clusters 5 and 6) (Fig. 3) .
The majority of differentially expressed genes are involved in metabolic shifts and the response to nutrient levels. In order to obtain deeper insight into the transcriptional response of yeast cells during dough fermentation, we used the Gene Ontology classification to check for enrichment of specific functionally related gene groups within the different sets of coregulated genes (Fig. 3) . The analysis showed that cluster 2, the group with transiently upregulated genes with maximum expression 30 min after the onset of fermentation, is enriched for genes involved in ribosome biogenesis, tRNA processing, and nuclear transport (P values for each GO category can be found in Table S1 in the supplemental material). Cluster 3, the group of transiently upregulated genes with maximum expression 60 min after the onset of fermentation, is enriched for genes involved in amino acid metabolism (especially aspartate family and sulfur amino acids), translation, and reproduction of transposable elements. On the other hand, the group of transiently repressed genes (clusters 5 and 6) (Fig. 3) contains genes involved in aerobic respiration, the tricarboxylic acid (TCA) cycle, protein catabolic processes, and autophagy. Together, these data indicate a shift from respiration to fermentation between 0 and 30 min and active fermentation and cell growth between 30 and 60 min, followed by increased stress and nutrient depletion toward the end of fermentation (180 min).
The HOG pathway is required to adapt to high osmolarity at the onset of dough fermentation. Genes involved in glycerol homeostasis, such as GPD1, GPP1, and STL1, are among the most upregulated genes in the beginning of fermentation in all 3 strains. Homeostasis of glycerol, the major osmolyte that is produced to balance intracellular osmolarity in S. cerevisiae, is regulated by the high-osmolarity glycerol (HOG) pathway (the major pathway involved in the response to osmotic stress) (50, 51) .
To investigate if the upregulation of these genes is important for efficient dough fermentation, we measured the dough fermentation performance of a set of 20 mutants (in the S288c background) carrying deletions of these genes as well as other key genes involved in the response to osmotic stress and several other genes that were highly upregulated at the onset of dough fermentation (see Table S2 in the supplemental material). The results indicate that deletion of key genes involved in the response to osmotic stress, namely, HOG1, PBS2, GPD1, and GPP1, results in impaired dough fermentation and low activity of the mutants in dough fermentation. However, for the other tested mutants, no significant effect was observed (Fig. 4A) .
To gain further mechanistic insight into how the HOG pathway could affect cellular responses during dough fermentation, a minimal common subnetwork selection algorithm, PheNetic (44), was applied to the expression data. Briefly, a molecular interaction network representing the known interactome of yeast was compiled from publicly available data. This network was used to identify the minimal common subnetwork that connects a perturbation to the differentially expressed genes through regulatory paths by using PheNetic (see Materials and Methods). The inferred subnetwork identifies the intermediary genes involved in signaling mechanisms, which do not necessarily show altered expression levels but mediate the cellular response in the organism.
As the major changes in osmotic pressure occur when the cells are inoculated in dough, we used the expression data obtained after 30 min of fermentation for this analysis. The minimal common subnetwork between HOG1, the downstream effector of the HOG pathway, and the 100 most differentially expressed genes for each analyzed strain at the 30-min time point was generated by using PheNetic.
The resulting subnetwork consists of 144 genes connected by 195 interactions. Of 100 differentially expressed genes, 89 were selected into the resulting network, which implies that PheNetic selected an additional 55 intermediary genes to connect HOG1 to the corresponding differentially expressed genes.
Clear enrichments in genes involved in chromatin modification (GO:16586) with corrected P values of Ͻ1eϪ7 can be found (Fig. 4B) . Additionally, the selected network displays enrichment of genes related to stress response regulation (GO:80134) (P value of 4eϪ3), oxoacid metabolism (GO:6114) (P value of 1eϪ2), and glycerol biosynthesis (GO:6114) (P value of 2eϪ4). Together, this analysis further confirmed the HOG pathway as a central regulator of the early response to SSF conditions and identified a massive transcriptional reprogramming mechanism that may involve chromatin modification.
DISCUSSION
This study is the first to investigate the changes in the yeast transcriptome during dough fermentation under the actual conditions encountered during bread production (solid state). Our results demonstrate that the yeast transcriptome changes dramatically during dough fermentation. A large number of protein-and RNA-coding genes are differentially expressed at the early, middle, and late time points during dough fermentation. Moreover, although genetically different strains show slight differences, for example, in the expression levels of genes involved in biosynthesis of vitamins or amino acids, the three strains induced similar transient changes in their transcriptomes, which suggests that the overall response is general regardless of the genetic background. The fact that the commercial baker's yeast strain induced less-pronounced changes in its transcriptome, in terms of both the number of genes and the magnitude of changes, than the two other strains might indicate a higher degree of adaptation of this strain for dough fermentation, although this remains speculative.
Analysis of the function of the various differentially expressed genes yields insight into the physiological state of yeast cells as the dough fermentation process progresses. Overall, the cells showed a strong response to changing nutrient levels. At the onset of fermentation, the upregulation of ribosome biogenesis (RiBi) genes and the downregulation of genes associated with resistance to stress, such as genes involved in trehalose biosynthesis, indicate a response to nutrient level and glucose regulation (24) (25) (26) . These changes at the beginning of the fermentation process, along with the downregulation of genes involved in the TCA cycle, aerobic respiration, and oxidative phosphorylation, reflect a shift in the nutrient-depleted stationary-phase cells to active fermentation.
Generally, when faced with low water activity or high osmolarity, microbes accumulate different compatible solutes, such as ions, amino acids, or polyols, to prevent water loss (52) (53) (54) . In S. cerevisiae, the response to hyperosmotic stress is regulated through a mitogen-activated protein (MAP) kinase pathway, the HOG pathway, which results in accumulation of glycerol (50, 51) . Consistent with this, our analysis shows that genes involved in biosynthesis of glycerol are among the most strongly upregulated genes at the onset of dough fermentation, suggesting that the cells experience a rather significant osmotic shock.
FIG 4 (A)
Deletion of key genes involved in the osmotic response results in impaired dough fermentation. Shown is CO 2 production during dough fermentation, which serves as a proxy for the fermentation efficiency. Note that none of these mutants showed differences in activity compared to the wild type during fermentation with standard rich medium (yeast extract-peptone-dextrose) (see Fig. S1 in the supplemental material). (B) The HOG pathway triggers changes in the transcriptome through chromatin modification. Shown is a subnetwork selected by PheNetic for the 100 most differentially expressed genes for each strain at the first time point. Orange edges indicate protein-DNA interactions, and gray edges indicate protein-protein/ phosphorylation interactions. The differential expression per node is visualized in a line chart in which the blue lines indicate expression for the bioethanol strain, the green lines indicate expression for the wine strain, and the orange lines indicate expression for the bread strain. Genes involved in chromatin modification are shown in blue.
AQR1 was the most upregulated gene in all three strains at the earliest time point. This gene codes for a cell membrane transporter that mediates excretion of amino acids under conditions in which, despite an abundant availability of carbon, cell growth is limited by a second factor such as the lack of an essential compound (55) . In bread dough fermentation, osmotic stress is likely to be the growth-restrictive factor that leads to a striking upregulation of AQR1. The observed induction of (retroviral) Ty elements at the beginning of fermentation is more puzzling. Activation of transposable elements in response to stress conditions was previously reported for different organisms (56) (57) (58) . This activation has been proposed to stimulate genetic variability that could help the cell to adapt to environmental changes (59) .
The middle fermentation phase is associated with increased expression levels of genes involved in amino acid and protein biosynthesis. These changes indicate induction of cell growth and may also imply further adaptation to osmotic stress (60, 61) . Finally, at the last stage of the fermentation process, cells upregulate genes involved in maltose metabolism, trehalose and glycogen biosynthesis, autophagy, and protein catabolic processes. Together, these changes are indicative of glucose depletion and decreased nutrient levels during dough fermentation. This observation, together with the upregulation of genes involved in the response to heat at the latest time point, indicates a gradient of nutrients and heat of the fermentation process in the microenvironment surrounding cells as a result of poor diffusion of solutes and low thermal conductivity of the solid substrate.
Apart from genes with known function, it is important to mention that a large group of differentially expressed genes encoded putative proteins of unknown functions. This has also been observed by other studies of stress conditions (62, 63) .
Finally, we show that deletion of key genes or targets of the HOG pathway results in impaired dough fermentation. This is consistent with previously reported work that showed that mutations in central genes of this pathway, namely, PBS2 or HOG1, cause osmosensitivity and accumulation of reduced levels of glycerol (64) . Moreover, network analysis showed that the HOG pathway plays a central role in transcriptome changes at the onset of dough fermentation. The enrichment of the genes involved in chromatin modification in the network is consistent with a known role of chromatin-modifying enzymes and histone modifications in the regulation of transcriptional changes in response to environmental changes and stress (65, 66) .
Together, our results indicate that cells embedded in a solid matrix such as bread dough suffer severe osmotic stress and that a proper induction of the HOG pathway is critical for optimal bread dough fermentation. These results indicate that this pathway and its targets may be good candidates for genetic modification or screening in order to obtain improved strains for SSF in general and dough fermentation in particular.
